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 This paper discusses the application of Artificial Neural Network (ANN) in 

discriminating Hevea Brasiliensis (rubber tree) leaf diseases using RGB color model. 

The investigation focuses on developing ANN model system that will utilize color 

image information of three major rubber tree leaf diseases which are the Corynespora, 

Bird’s Eye Spot and Collectotrichum. The main objective is to detect the appropriate 

color components which are later used to train and optimize the best network 
architecture that can classify between Corynespora and non-Corynespora group of 

diseases. Raw samples are from the captured primary RGB color images of these 

diseases at the rubber plantations. These images are later processed by selecting region 
of interests and using differential method that involved subtraction of the infected from 

uninfected area. Numerical analysis is applied after this for detecting the appropriate 

RGB color components that can give discriminating inference. Finally, these detected 
color components are used in developing the intelligent ANN model system. The 

optimized model is validated for performance evaluation. The result has shown that this 

differential method of ANN model has produced high sensitivity and specificity of 
84.6% and 79.6% respectively. 
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INTRODUCTION 

 

 Hevea Brasiliensis is the scientific name for rubber tree and was planted initially in Malaysia in the late 19
th
 

century. Since then, Malaysia is one of country in Asia that produce large amount of rubber which contributes 

and increasing the country’s economy. Since the demand of rubber from Malaysia is high, rubber tree conditions 

need to be protected so that the production rate of latex is in high quantity and simultaneously, achieve the 

required quality specification. There are several diseases of rubber tree such as root, panel, stem, branch and 

leaf. These diseases need to be identified and precaution steps need to be implemented to ensure that infection 

does not spread to other trees at the rubber plantation estate. Thus, it is a common practice to employ an expert 

person at the estate who would classify these diseases (Noor Ezan et al., 2007).  However, with the recent trend 

of developing intelligent models and technologies, a model prototype can be developed to identify rubber tree 

diseases. Realization of such models can contribute in reducing the cost of hiring an expert person normally at 

the rural areas. 

 Leaf diseases are very common at the rubber plantations due to the humidity climate. They are normally 

caused by fungus. The most common types are the Corynespora, Bird’s Eye Spot and Collectotrichum. It is 

reported that the most dangerous is the Corynespora because it will affect the quality of latex and subsequently 

causes die back of young branches if infection is severe, eventually kill the tree (Naomi et al., 2009). Bird’s Eye 

Spot disease is rarely kills plants but weakens and defoliates them (Rao, 1975). Collectotrichum leaf disease is 

one of the common diseases on rubber tree. It infects tender leaves that mostly at the leaf tip region. The 

infected leaves often crinkle and become distorted before shedding (Chunhua et al., 2010). 

 Imaging technique is commonly used for object recognition, color segmentation, image retrieval and image 

understanding. Red, Green, and Blue (RGB) are the three primary color space which represent the most 

prevalent choice for computer graphics. System that is designed using RGB color space can take advantages of 

large number of software routines since this color space has been around for a number years (Siti Lailatul et al., 

2011). 
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 This research focuses on identification of rubber tree leaf diseases between Corynespora and non-

Corynespora using imaging technique. In this technique, raw samples of captured RGB color images of the leaf 

diseases are cropped using differential method (further details of differential method are explained in later 

section of this paper). Previous researchers used normal method (mean data of RGB color component) where 

images were cropped without normalizing with nearby uninfected leaf area (Noor Ezan et al., 2007). These 

detected Region of Interests (ROIs) of the differential processed raw samples are then analysed using Statistical 

Package for the Social Science (SPSS) for numerical and inference analysis. The outcomes are used to develop a 

classification system in order to classify Corynespora or non-Corynespora (Bird’s Eye Spot and 

Collectotrichum) rubber tree leaf diseases. 

 

Methodology: 

A. Data Collection: 

 The infected rubber tree leaf images used in this research were obtained from previous researcher where the 

leaf samples were collected from the nursery in Lembaga Getah Malaysia, Sungai Buloh. Three types of rubber 

tree leaf diseases were selected for this study which is Corynespora, Bird’s Eye Spot and Collectotrichum where 

the sample images are shown in Figure 1. The images were taken using digital camera with resolution of 

1280x960 and were captured in JPEG format. Several control environments are count during image capturing 

process.  A total of 363 leaf samples have been collected which comprise of Corynespora (116), Bird’s Eye Spot 

(109) and Collectotrichum (138) (Noor Ezan et al., 2007). 

 

 
 

Fig. 1: Types of Rubber Tree Leaf Diseases studied in this work. 

 

B. Image Preprocessing: 

 Preprocessing is an initial process to gather the raw data from the three sets of disease images. In this 

section, MATLAB Image Processing Algorithm was used. The image of each samples were resized to 500x500 

pixel areas and then filtered by median filter to reduce noise and facilitating image segmentation. The value of 

an output pixel is determined by the median of the neighbourhood pixels, rather than the mean. The median is 

much less sensitive than the mean to extreme values (called outliers). Median filtering is able to remove these 

outliers without reducing the sharpness of the image (Patrick Marchand, 1999). 

 Then, the uninfected leaf area and infected area were cropped. All spotted images were resized to 15x15 

pixel area dimension. The detected ROIs were processed to produce color indices with respect to RGB model. 

RGB image is stored as an m-by-n-by-3 data array that defines red, green, and blue color components for each 

individual pixel. It is the combination of the red, green and blue intensities stored in each color plane at the 

pixel's location that determine the color. Graphics file formats store RGB images as 24-bit images, where the 

red, green, and blue components are 8 bits each. The color components of an 8-bit RGB image are integers in 

the range [0, 255]. 

 

C. Processing: 

 Differential method was applied in producing pixel indices for each RGB component. This method is 

defined by later taking the difference of cropped ROI of infected leaf area from the mean’s pixel value for each 

RGB component of uninfected leaf area as described by this equation: 

 

    nmPnmPnmP uninfected

rgb

infected

rgbrgb ,,),(             (1) 

  

 where P= pixel value 

 

D. Statistical Analysis: 

 Statistical test was applied for inference and numerical analysis. Firstly, normality test was applied towards 

the differential mean indices for each RGB component of all type of diseases as described if equation (1) above. 
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Then, parametric test was conducted for inference information about RGB color discrimination. These method 

would involve error bar graph and analysis of variance (ANOVA) test (Halilah Haron, 2010).  

 

E. Classification System using ANN: 

 Decision system is developed using Neural Network Pattern Recognition Tool to classify the type of the 

diseases. The Neural Network Pattern Recognition Tool were help in selecting data, creating and training a 

network and also evaluate its performance using mean square error and confusion matrices. 120 ROI samples 

data of Corynespora and 50 ROI samples data from each Bird’s Eye Spot and Collectotrichum (non-

Corynespora) were used in this system. The samples data are oriented as rows. The 220 samples are randomly 

divide up where 70% for training, 15% for validation and 15% for testing.  Several hidden neurons have been 

test in this study which is neuron 3, 5, 7, 9, 11, 13, 15, 17, 20 and 50 in order to obtain a network that produce 

the best performance. 

 

RESULTS AND DISCUSSION 

 

A. Statistical Analysis: 

1) Normalize Data: 

 An informal approach to testing normality is to compare a histogram of the sample data to a normal 

probability curve. The empirical distribution of the data (the histogram) should be bell-shaped and resemble the 

normal distribution. A quantile-quantile plot (QQ plot) is the standardized data against the standard normal 

distribution also have been used in assessing normality. For normal data the points plotted in the QQ plot should 

fall approximately on a straight line, indicating high positive correlation (Derya et al., 2006). After performed 

the normality test, all mean samples data for each color component for all diseases are normality distributed. 

Figure 3 shows an example of histogram that the mean sample data is distributed in bell-shaped and Figure 4 

shows a sample of QQ plot where the data are fall approximately on a straight line. 

 

 
 

Fig. 3: Histogram of mean sample data for green component in Corynespora. 

 

 
 

Fig. 4: Q-Q plot of mean sample data for green component in Corynespora. 

 

2) Error Plot: 

 Error bars indicate errors or uncertainty in a measurement. Error bars offer a general idea as to the accuracy 

of a value or how much of a deviation the entered value is from the true value (Geoff et al., 2007). 
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Fig. 5: Error Bar of RGB color component for Corynespora, Bird’s Eye Spot and Collectotrichum. 

 

 Figure 5 illustrates an error bar for the comparison between the three diseases in same color component. 

Collectotrichum have the highest standard deviations of the mean and lowest standard deviations of the mean 

are Bird’s Eye Spot. Three mean Confidence Interval (CI) error bars do not overlap between the diseases. As 

from the error bar, it can be said that the samples data can be distinguished clearly between the diseases.  

 

3) ANOVA Test: 

 The one-way analysis of variance (ANOVA) is used to determine whether there are any significant 

differences between the means of three diseases. Table I shows ANOVA table for RGB color space between 

diseases. There are statistically significant difference between groups (disease) where p < 0.05 for each RGB 

color component as determined by one-way ANOVA FRED (2,217) =25.856, p = .000, FGREEN (2,217) 

=9.732, p = .000, FBLUE (2,217) =31.635, p = .000.    

 
Table I : Anova Table 

 
 

B. Neural Network: 

1) Performance: 

 Several factors are taken to decide the number of hidden neuron for the network (Michael Negnevitsky, 

2005). Neurons 3, 5, 7, 9, 11, 13, 15, 17, 20 and 50 are tested to observe the network performances. Mean 

Squared Error (mse) is the average squared difference between outputs and targets. Lower values are better and 

zero means no error. The best 5 neurons that have lowest value of mse have been choose which are 9, 11, 13, 17 

and 50. Then, the best 2 with neurons 11 and 17 are selected based on the test set error and the validation set 

error has similar characteristics and no significant overfitting has occurred where the best validation occur. 

Performance graphs for hidden neurons 11 and 17 are shown in Figure 6 and 7.  
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Fig. 6: Performance graph for hidden neurons 11. 

 

 
 

Fig. 7: Performance graph for hidden neurons 17. 

 

2) Receiver Operating Characteristic (ROC): 

 ROC is a plot of the true positive rate (sensitivity) versus the false positive rate (1 - specificity) as the 

threshold is varied. A perfect test would show points in the upper-left corner, with 100% sensitivity and 100% 

specificity. Accuracy is measured by the area under the ROC curve. An area of 1 represents a perfect test. Better 

decision or detection performance is indicated by an ROC curve that is higher and to the left in the ROC space 

(M.H. Zweig et al., 1993). 

   

 
Fig. 8: ROC Curve for neurons 11. 

  

 
Fig. 9: ROC Curve for neurons 17. 
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 Figure 8 and Figure 9 shows all ROC curve for hidden neurons 11 and 17 respectively. Based on the area 

under the ROC curve obtained, the network with hidden neurons 17 is more accurate which is 0.922 compared 

to hidden neurons 11 which is 0.919. Therefore the network with hidden neurons 17 is selected. 

 

3) Confussion Matrix: 

 Confusion matrix of network with neuron 17 have been analyze  to observe the response. The diagonal cells 

in each table of confusion matrix show the number of cases that were correctly classified, and the off-diagonal 

cells show the misclassified cases. The blue cell in the bottom right shows the total percentage of correctly 

classified cases denote in green color and the total percentage of misclassified cases denoted in red color 

(MATLAB, 2009). The first column is referring to positive data which is Corynespora class and second column 

is negative data which is non-Corynespora class.  

 

 
 

Fig. 10: Confusion  matrix for training. 

  

 
 

Fig. 11: Confusion  matrix for validation. 

 

 Figure 10 shows the confusion matrix for training. 154 samples are used for training. 83.1% for True 

Positive Rate (TPR) which Corynespora disease data are correctly have been identified and 77.9% for True 

Negative Rate (TNR) that the system correctly classified non-Corynespora disease. The total accuracy for 

training is 80.5%. The following Figure 11 illustrates the confusion matrix for validation. 33 samples are used in 

validation process. 85.7% for TPR which Corynespora disease data are correctly had been identified and 83.3% 

for TNR that the system correctly classified non-Corynespora disease. The total accuracy for validation is 

84.8%. 

 

 
 

Fig. 12: Confusion  matrix for testing. 
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Fig. 13: Confusion  matrix for overall data. 

 

 Figure 12 shows the confusion matrix for testing. 33 samples are used in testing process. 89.5% for TPR 

which Corynespora disease data are correctly have been identified and 85.7% for TNR that the system correctly 

classified non-Corynespora. The total accuracy for testing is 87.9%. Figure 13 shows the confusion matrix for 

overall data where 220 samples are used for this system. 84.6% for TPR which Corynespora disease data are 

correctly have been identified and 79.6% for TNR that the system correctly classified non-Corynespora disease. 

The total of accuracy for this system is 82.3%. 

 Table II represent details and the comparison between Marwani model and previous researcher finding 

which is Ezan1 model (Noor Ezan et al., 2007). From the table, it I shown that Marwani model has 84.6% 

sensitivity and 79.6% specificity which higher than Ezan1 model that has 82% sensitivity and 64% specificity. 

The area under curve for Ezan1 model is 99% which it is higher than Marwani model that only 92.2%. In 

addition, the network size for Marwani model is bigger than Ezan1 model (Noor Ezan et al., 2007).  

 
Table II: Details of Marwani and Ezan1 model. 

Model Marwani Ezan1 

Method difference mean mean 

Color RGB RGB 

ANN (Input:Hidden:Output) 3:17:1 3:5:1 

ANN (No. of Connections) 49 24 

Sensitivity(TPR)(%) 84.6 82 

Specificity(TNR)(%) 79.6 64 

AUC(%) 92.2 99 

 

Conclusion: 

 Artificial Neural Network (ANN) is a decision system that successfully applied in this project to classify 

Corynespora or non-Corynespora (Bird’s Eye Spot and Collectotrichum) rubber tree leaf diseases. In this 

project, rubber tree leaf disease classification is investigated using RGB color indices in differential method 

where samples represent the differential mean of each color component between infected leaf area and safe leaf 

area are used as ANN inputs data. It can be conclude that classification of rubber tree leaf diseases between 

Corynespora and non-Corynespora can be done by using RGB differential method (Marwani) which produced 

good performance at high accuracy. 

 

Future Recommendation: 

 In order to gain better performance, higher pixel of digital camera need to be used to get better quality of 

images. The cropping data process where samples data obtained need to conducted under supervision and the 

number of data for ANN system also must be added to increase the efficiency of the system. In addition, other 

color model can be used for differential method to discriminate the diseases. Other than that, the decision system 

using ANN toolbox can be replace  to ANN program so that backpropagation algorithm can be modify to 

observe the performance. 
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